Introduction
The power generation industry has a far-reaching impact on a country's development. As power is extremely difficult to store, optimal dispatch can reduce power losses and increase power quality, bringing benefits to both industry and residential consumers.
To optimize market resource allocation, power generation companies and power grid companies are often controlled by different stakeholders, each of which has their respective business scope and legal responsibilities [1] . In these situations, power grid companies decide the unit market selling price and the on-grid electricity quota to be dispatched to the power generation groups, each of which then determines the power generation quantity and the unit quoted price.
To assist in equitable electric power dispatch to power generation groups, various methodologies such as multi-objective programming [2] , nonlinear programming [3] , mixed integer linear programming [4] , dynamic programming [5, 6] and quadratic programming [7] have been used.
From an evaluation of real life systems, the electric power dispatch problem has four main characteristics: (1) There are interacting decision-making units within a hierarchical structure, with the power grid company on the upper level and the power generation groups on the lower or subordinate level; (2) Each subordinate level power generation group executes pricing and generation policies after considering the decisions of the upper level power grid company; (3) Each power generation group unit maximizes net benefits independently of the other units, but may be affected by the actions and reactions of those units; (4) The external effect of the decision-makers' problems are reflected in the objective functions and the set of feasible decisions. Because of this complexity in power distribution and generation, ordinary methods are unable to fully reflect these relationships. However, bi-level programming has been used to effectively deal with power dispatch problems in hierarchical decision-making systems [8] . To date, as there has been little research into bi-level power dispatch systems, this paper seeks to develop a more suitable bi-level programming approach to deal with a comprehensive power dispatch problem.
Previous research has mainly focused on economic power dispatch. For example, Barcelo et al. and Panigrahi et al. examined economic power dispatch in dynamic situations [5, 6] , Hetzer et al. developed a model which included wind energy conversion system generators in an electrical power systems economic dispatch problem [9] and Wierzbowski et al. developed a long-term energy mix planning model which considered power system operating reserves to calculate the costs for each individual unit [10] . In recent years, environmental challenges such as global warming, air and water pollution and acid rains have meant that organizations need to reconsider their environmental management. Tan et al. examined global climate change and energy consumption and proposed a fuzzy evacuation management model oriented toward emissions mitigation [11] and Shen et al. investigated the effect of rainfall measurement errors on nonpoint-source pollution model uncertainty [12] .
As global climate warming is becoming a serious concern across the world, controlling greenhouse gas emissions has become urgent. This is especially true in the power generation industry, which is one of the main sources of air pollution. To encourage effective emissions control and reduction, carbon emission reduction policies have been widely used in developed countries. Due to ever more strict environmental laws and regulations, balancing economic and environmental objectives to achieve sustainable development has become the major business objective of power dispatch systems, putting significant pressure on organizational stakeholders.
Generally, researchers have tended to examine power industry optimization problems from a carbon emissions perspective. Kockar et al. analyzed the effect of emissions constraints and carbon emissions trading mechanisms on power generation scheduling results [13] , Zhang et al. studied an optimization problem in coal fired power systems to distribute the load demand reasonably and scientifically to ensure environmentally focused economic dispatch [14] , Chen et al. developed a nonlinear fractional programming approach to solving environmental-economic thermal power dispatch problems [15] and Zhang et al. analyzed power planning to determine the lowest comprehensive carbon cost as an objective function for a typical low carbon power supply design case and quantitatively evaluated the comprehensive benefits of low carbon power planning [16] . These papers studied carbon emissions within a certain environment; however, carbon emissions are generally uncertain as they are affected by many factors such as the type and age of the technology and the generating environment. After examination of the relationship between the regional authority, power generation groups and grid companies, Xu et al. developed a tripartite equilibrium for carbon emissions allowance allocation in the power-supply industry [17] and Zhu et al. developed a full-infinite fuzzy stochastic programming method for planning municipal electric power systems to control greenhouse gases under uncertainty [18] . Following these innovations, in this paper, we also incorporate carbon emissions mitigation concerns into our bi-level power dispatch problem in which the power grid companies consider total carbon emissions minimization as a new objective and the power generation groups utilize carbon trading to achieve greater sustainable growth.
As research in this area has deepened, it has become evident that the uncertainties in the power generation and distribution system significantly influence final power dispatch decisions. Heinricha et al. developed a stochastic optimization model to describe power demand uncertainty [19] , Hong et al. studied multi-objective active power scheduling for uncertain renewable energies [20] , Zeng et al. developed a multi-objective decision-making model for an energy generation portfolio under fuzzy uncertainty [21] and Zhou et al. proposed a robust possibilistic mixed-integer programming method to plan municipal electric power systems under uncertainty [22] .
Randomness and fuzziness have also been considered in power dispatch problems, so in this paper, a random variable is used to describe power demand market uncertainty [19] and a fuzzy variable is used for depicting carbon emissions uncertainty. Carbon emissions depend on the quantity and types of coal being used and the operating strength of the generators, neither of which is constant; therefore, as it is difficult to find a precise value for carbon emissions, an approximate (fuzzy) number is needed.
From the above discussions, to obtain more accurate and comprehensive decisions, bi-level multi-objective programming, uncertainty theory, and carbon emissions factors all need to be considered in power dispatch problems; an area which has been understudied so far. Therefore, the main contributions of this paper are as follows.
‚
We establish a bi-level multi-objective model for a power dispatch problem which better reflects the real world. In the proposed model, the upper decision-maker is the regional power grid company and the lower decision-makers are the power generation groups.
We consider a hybrid uncertain environment, so use random and fuzzy variables to describe the imprecise information in the power dispatch problem.
We set the quoted power price and the power generation quantities as the decision variables to more accurately reflect the current power dispatch systems in many countries.
This paper has six sections. In the next section, the key power dispatch features are described. In Section 3, the mathematical model is established in detail. Two processes are introduced in Section 4 and the bi-level interactive solution method is proposed in Section 5. A case study is presented in Section 6 and conclusions are given in Section 7.
Problem Statement
In the power system, there are mainly two stakeholders: the power grid company and the power generation groups. For the upper level power grid company, determining an equitable dispatch plan for the power generation groups and determining the market power price are the key problems. For the lower level power generation groups, the power generation arrangement and setting the power price is important. Therefore, these two decision-makers have different objectives and constraints, so each is relatively independent. However, when the grid company makes a decision, the power generation group performances are of concern. At the same time, the power grid company decisions are a precondition for the power generation groups. In other words, these two decision makers have mutual influences and restrictions. Therefore, bi-level programming needs to be adopted to deal with the problem.
From the initial power dispatch to the end power generation process, there are several uncertainties. For example, as power consumption distribution can be determined from historical data, it is reasonable we use a random variable to describe electricity consumption. However, it is difficult to obtain a distribution for carbon emissions because of insufficient data, so it is necessary to employ a fuzzy variable to describe carbon emissions.
In summary, the uncertain bi-level power dispatch problem can be expressed as shown in Figure 1 . 
Modeling
In this section, an uncertain bi-level multi-objective power dispatch model will be established. The following notations are used.
Notations
The following notations are used to formulate the mathematical model. 
Indices

Modeling
Notations
The following notations are used to formulate the mathematical model.
Indices:
t: Time interval, t " 1, 2, 3¨¨¨T, u: Consumption type, u " 1, 2, 3¨¨¨U, g: Power generation group, g " 1, 2, 3¨¨¨G, i: Power generation type, i " 1, 2, 3¨¨¨I, j: Stabilized power generation type, j " 1, 2, 3¨¨¨J.
Parameters:
dem ut : Demand for consumption type u in time interval t, random variable, o g,i,t : Operational cost for power grid company connecting power generation group g using generation type i in time interval t, r a g,i : Carbon emissions produced by power generation group g using generation type i, fuzzy variable, b t : Power grid company's stand-by ratio in time interval t, S g,i,t : Capacity of power generation group g using generation type i in time interval t, v: Lower limit of stabilized power ratio, Decision variables:
x g,t : Power generation quota dispatched to power generation group g in time interval t, x g,i,t : Power quantity generated by power generation group g using generation type i in time interval t, y ut : Unit market selling price for consumption type u in time interval t, y g,i,t : Unit quoted price at power generation group g using generation type i in time interval t.
Upper Level Dispatch Model
As the upper decision-maker, the power grid company needs to maximize total profits, guarantee power supply service stability and reduce environmental problems.
Upper Level Objectives
As a profit making organization, the power grid company first seeks to maximize profits, which can be described as the price difference between the power sales income and the purchase cost: Electricity cannot be stored, so the power grid company needs to balance supply and demand to minimize surplus power:
x g,t is total electricity generation, and
dem ut is the total electricity demand in the region.
Because of low carbon concerns, the power grid company seeks to minimize total carbon emissions:
where
r a g,i x g,i,t is the total carbon emissions produced by all power generation groups. Power demand constraint: the total power supply provided by the power grid company should satisfy the power consumption requirements.
Stand-by power constraints: in case of emergency, the power grid company needs to set aside stand-by power capacity. Therefore, the total power dispatched to all power generation groups should be less than the available capacity of all generation groups.
x g,t is the total on-grid electricity quota to be dispatched to all power generation groups,
S g,i,t is the stand-by power capacity.
Power stability constraint: to ensure power supply stability, the power grid company may specify a lower limit for the stabilized power ratio.
x g,j,t is the power available for the stabilized power generation types, and 
Logical constraint: the power supplied and the power sales price cannot be negative.
x g,t ě 0, y ut ě 0, @g P G, t P T (8)
Lower Level Generation Model
As the lower decision-makers, the power generation groups need to plan their respective power generation quantities and prices for all power generation types according to the power grid company's dispatch plan.
Lower Level Objective
Each power generation group seeks to maximize its own profit, which is obtained from two different sources. The first source is the income received from selling power to the grid company plus government subsidies minus the total costs, which are made up of production variable costs, pollution treatment costs. The second source is the income received from carbon trading.
d`e g,t´r a g,i x g,i,t˘( 9)
g,i,t`Ri,t˘xg,i,t is the total income, and
r c g,i,t x g,i,t is the total costs;
d`e g,t´r a g,i x g,i,t˘i s the carbon trading income, when carbon emissions exceed emissions allowances, it is negative; conversely, when carbon emissions are less than emissions allowances, it is positive.
Lower Level Constraints
Capacity constraints: it is assumed that the capacity for power generation group g using type i in a certain time interval t can be determined by using historical data. For each power generation type in a power group, power generation should not exceed the corresponding capacity.
Balance constraints: the total power generated by the power generation group for all types should be equal to the power dispatched by the power grid company.
Generation constraint: the power generation group generates power only when the unit income is greater than the unit costs.
where y g,i,t`Ri,t is the unit income, and r c g,i,t is the unit costs. Quoted price constraint: the power generation group quoted price y g,i,t cannot be higher than the regional government controlled price p i,t . y g,i,t ď p i,t , @g P G, i P I, t P T
Logical constraint: Equation (14) ensures non-negative variables.
x g,i,t , y g,i,t ě 0, @g P G, i P I, t P T (14)
Model Processing
As the model has the uncertain parameters dem t , r a g,i , r c g,i,t , it needs to be further processed and transformed into a solvable model with mathematical meaning. For this, two approaches are proposed to handle the uncertain programming, as shown in Equations (1)- (14) . The expected value model can produce a reference solution for the average meaning with no need for any parameter to be predetermined; therefore, this model can ease the decision-maker's burden. The chance constrained model allows for plans to be adapted to different predetermined confidence levels depending on the situation.
The theorems to be used in this model are outlined first.
Theorem 1. [23] Given three normally distributed random variables
2 q, where µ, µ 1 , µ 2 are the mean values, σ 2 , σ 2 1 , σ 2 2 are the variances, and σ, σ 1 , σ 2 are the standard deviations, we have:
where k, a, b are real numbers, is a probability, E pξq is the expected value of the normal distribution random variable ξ, ξ´µ σ is the standard normal distribution random variable, and Φ´1 pαq is the lower α quartile of the standard normal distribution such that Prp 
where k is a real number, γp0 ď γ ď 1q and E rξ 1 s are the possibility and expected values, m R 1γ is the right end point for ξ 1 's γ-cut and m L 2γ is the left end point for ξ 2 's γ-cut.
Chance Constrained Model
Since there are random parameters in objective functions (1) and (2), it is difficult to accurately determine the maximum profit or the minimum power surplus.
The following is proposed to deal with the objective functions. First, the decision-maker predetermines confidence levels γ 1 and γ 2 , then constructs chance constraints in which the objective functions are better than the ideal objective values F 1 and F 2 . At this point, the decision maker just needs to optimize the ideal objective values, as shown in Equations (15) and (16 
indicating the probability that the power grid company's profit
ut dem ut´yg,i,t x g,i,t´og,i,t x g,i,t¯i s no less than the ideal value F 1 is larger than γ 1 .
where γ 2 is the confidence level, indicating that the probability that the gap between supply and
g,t´d em ut¯i s no more than the ideal value F 2 is larger than γ 2 . 
where Φ´1 p1´γ 1 q is the lower 1´γ 1 quartile of the standard normal distribution.
where Φ´1 p1´γ 2 q is the lower 1´γ 2 quartile of the standard normal distribution. We can use a similar approach to handle the objective functions with fuzzy variables. Equations (3) and (9) are then replaced with Equations (19) and (20) .
indicating the possibility that the carbon emission
r a g,i x g,i,t is no more than the ideal value F 3 is larger than confidence level γ 3 . max f g s.t. Pos
indicating that each power generation group's profit
d`e g,t´r a g,i x g,i,t˘i s no less than the ideal value f g with the possibility ě γ 5 .
Based on Theorem 2, Equations (19) and (20) can be transformed into Equations (21) and (22) .
Also, Constraints (4) and (12) can be transformed into Equations (23) and (24) .
, .
-ě γ 4 (23) the probability that the power consumption
dem ut is lower than or equal to the power supply from the power grid company
x g,t is larger than γ 4 .
Pos y g,i,t`Ri,t ě r c g,i,t ( ě γ 6 (24) indicating that the income y g,i,t`Ri,t is greater than the costs r c g,i,t for any g, i, t under the confidence level γ 6 .
Based on Theorem 1, Equation (23) can be equivalently converted into Equation (25).
where Φ´1 pγ 4 q is the lower γ 4 quartile of the standard normal distribution. And based on Theorem 2, constraint (24) is equivalent to Equation (26).
c g,i,t´p 1´γ 6 q α c g,i,t ď y g,i,t`Ri,t , @g P G, i P I, t P T
Considering the above, the following Model (27) is the equivalent chance constrained model:
x g,i,t " x g,t , @g P G, t P T c g,i,t´p 1´γ 6 q α c g,i,t ď y g,i,t`Ri,t , @g P G, i P I, t P T y g,i,t ď p i,t , @g P G, i P I, t P T x g,i,t , y g,i,t ě 0, @g P G, i P I, t P T (27)
Expected Value Model
For the bi-level model proposed in Section 3, we can also optimize the expected objectives subject to the expected constraints. Based on Theorem 1 and Theorem 2, Equations (1)- (3) and (9) can be transformed into Equations (28)-(31), respectively.
where µ dem ut is the mean value of the random variables dem ut ; a g,i , α a g,i , β a g,i are the central value and left and right spreads of r a g,i ; and c g,i,t , α c g,i,t and β c g,i,t are the central value, left and right spreads of r c g,i,t . Similarly, Constraints (4) and (12) can be transformed into Equations (32) and (33).
y g,i,t`Ri,t ě c g,i,t`β c g,i,t´α c g,i,t 4 , @g P G, i P I, t P T
Therefore, the equivalent expected value model is obtained, as shown in Equation (34):
"`y g,i,t`Ri,t´cg,i,t´d a g,i˘xg,i,t`d e g,t ‰`ˆα c g,i,t`d αa g,i´β c g,i,t´d βa g,i 4˙x g,i,t s.t.
x g,i,t " x g,t , @g P G, t P T y g,i,t`Ri,t ě c g,i,t`β c g,i,t´α c g,i,t
4
, @g P G, i P I, t P T y g,i,t ď p i,t , @g P G, i P I, t P T x g,i,t , y g,i,t ě 0, @g P G, i P I, t P T
(34)
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Solution Method
The bi-level multi-objective programming has always been a difficult NP problem, it is usually solved using Stackelberg solution. However, Stackelberg solution is suitable for the situation where two sides are not cooperating with each other. In the above models, there exists a cooperative motive between the upper and lower level decision makers. In order to resolve these conflicts of interest, the upper and lower level decision makers can interact with a certain degree of satisfaction. Therefore, this paper uses the interactive solution method based on satisfaction degree (SD) to solve Models (27) and (34), the detailed steps are as follows:
Eliciting the Satisfaction Degree Functions
To obtain the satisfaction degree functions for the objectives, membership functions for the objective functions are employed.
Assume Equations (35)-(38) are the minimum values for the objective functions:
F 2min " min tF 2 px, yq|px, yq P Qu (36)
where g " 1, 2,¨¨¨, G, and Q is the feasible region which constructed by all the constraints in both the upper and the lower level. Assume Equations (39)-(42) are the maximum values for the objective functions:
F 2max " max tF 2 px, yq|px, yq P Qu (40)
Then, the linear satisfaction functions (43)-(45) are employed to characterize the objective functions on the upper level.
The lower level satisfaction functions are defined as follows:
Note that the satisfaction degrees are in the interval [0, 1]. 
Evaluating the Satisfactorysolution
After determining the satisfaction functions on the two levels, the upper level decision-maker first determines minimum acceptable satisfaction degrees λ 1 0 , λ 2 0 , λ 3 0 P r0, 1s; in this way, the upper level objectives can be converted into the constraints in Model (47). Then, the lower level satisfaction degree is maximized, max λ s.t.
where λ is the assistant variable. Assume that the optimal solution for the Model (47) is X " px˚, y˚, λ˚q; then, the following two methods can be used to determine whether it is a satisfactory solution to the bi-level model:
(1) Satisfaction degree for the lower level If SD g`fg px˚, y˚q˘ě λ g (λ g is the minimum acceptable satisfaction degree predetermined by each power generation group) holds for all g " 1, 2,¨¨¨G, then X " px˚, y˚, λ˚q can be accepted as the satisfactory solution to the bi-level problem; otherwise, the upper level decision maker must reduce its acceptable satisfaction degree, in order to increase the satisfaction degrees for the lower level decision makers.
(2) Balancing the satisfaction degree between the upper level and lower levels To evaluate the overall satisfaction degree on the upper level, the weighted sum method is used to evaluate the satisfaction degree for the three upper level objective functions, as shown in Equation (48),
where w 1 0 , w 2 0 , w 3 0 ( ř 3 h"1 w h 0 " 1, w h 0 ě 0) are the weights for the three objectives in the upper level. Equanimity between the upper level and the lower level is the basis of healthy development. The upper level decision-maker needs to treat each lower level decision-maker equally. Therefore, the ratio of satisfaction degree between the upper and lower levels can be used to balance the satisfaction degree, so the satisfaction ratio is:
Let ∆ u and ∆ l be the upper and lower bounds of ∆ . There are two scenarios in which the acceptable satisfaction degrees need to be adjusted: (1) When ∆ ą ∆ u , the upper level decision maker needs to increase its acceptable satisfaction degree λ h 0 ph " 1, 2, 3q; (2) When ∆ ă ∆ l , the upper level decision-maker needs to decrease the acceptable satisfaction degree to improve the satisfaction degrees of the lower level decision-makers.
If the optimal solution X " px˚, y˚, λ˚q of the model meets the above requirements, then the solution can be considered a satisfactory solution to the bi-level problem.
Case Study
A case study based on China power system is now presented to verify the validity of the proposed model.
Related Data
A region has five power generation groups, within which there are four generation types; i " 1: fire power, i " 2: hydropower, i " 3: wind power, i " 4: solar power.
We assume that the installed capacity S g,i,t , variable costs r c g,i,t , government subsidies R i,t , and the regional government controlled price p i,t do not change in the considered period t = 1, 2, 3. The detailed parameters are shown in Tables 1 and 2 . In this case, the operational costs for the power grid company connecting the power generation groups are assumed to be the same, and thus can be omitted. The other parameters related to the power grid company are listed in Table 3 . 
Results of the Chance Constrained Model
We used the chance constrained Model (27) and set the decision-makers' confidence levels for the upper and lower level chance constraints as 0.9; i.e., γ 1 " γ 2 " γ 3 " γ 4 " γ 5 " γ 6 " 0.9; then the following steps are taken to determine the solution:
Step 1: We use LINGO to solve Equations (35) and (39) to respectively obtain the minimum and maximum values for the objective function F 1 . The minimum value is 16.10664 million CNY and the maximum value is 1053.504 million CNY. Similarly, the rest of the objectives' minimum and maximum values are determined, the detailed results for which are shown in Table 4 . Step 2: We use Equations (43)- (46) to obtain the linear satisfaction functions: 
, 
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Power Generation Quoted Price Table 6 . Optimization results for the power grid company (Chance constrained model).
Index
Results
Power Generation Quota
Power Selling Price The expected value Model (34) is also used to solve the problem. When the upper decision-makers' acceptable satisfaction degree for each of the three objectives is 0.9, the minimal satisfaction degree for the lower level decision-makers is 0.343, the ratio between the upper and lower level's satisfaction degree is 0.381, and the power grid profit is 999.390 million CNY. In this case, power generation group No. 1 needs to generate 147.7927 million kWh in the first time interval, 58.38397 million kWh in the second time interval, and 50.24306 million kWh in the third time interval. The detailed objective values and optimization results are shown in Tables 8-10 . Table 9 . Optimization results for the power generation groups (Expected value model). 
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Comparison and Discussion
In this section, three comparisons are given; the first is based on the satisfaction degree, the second based on the confidence level and the third is a comparison between the chance constrained model and the expected value model.
(1) Comparison based on different satisfaction degrees When the decision-makers' confidence levels on the upper and lower level chance constraints are set at 0.9, by changing the upper decision-makers' satisfaction degrees for the three objectives simultaneously, Model (47) can be used to determine the optimization results under different satisfaction degrees. When the satisfaction degrees are all 0.75, the minimum satisfaction degree for the lower level decision-makers is 0.730, the ratio of the upper and lower level's satisfaction degree is 0.973, and the power grid profit is 794.1546 million CNY. The detailed objective values are shown in Table 11 . From the optimization results in Table 11 , it can be seen that with a fixed confidence level, a higher upper level satisfaction degree can significantly reduce the lower level satisfaction degrees, as shown in Figure 2 . This is because when the upper level satisfaction rises, the conflicts between the two decision-making levels are more intense, so the feasible region on the lower level is narrowed. Therefore, choosing a suitable satisfaction degree is very important.
From the optimization results in Table 11 , it can be seen that with a fixed confidence level, a higher upper level satisfaction degree can significantly reduce the lower level satisfaction degrees, as shown in Figure 2 . This is because when the upper level satisfaction rises, the conflicts between the two decision-making levels are more intense, so the feasible region on the lower level is narrowed. Therefore, choosing a suitable satisfaction degree is very important. .However, if confidence levels are changed, the results shown in Table 12 are obtained. When the confidence level is set to 0.6, the satisfaction degrees on the upper and lower levels are 0.9 and 0.334, respectively, the ratio between the upper and lower level satisfaction degrees is 0.371, and the power grid company profit is 993.495 million CNY. The detailed objective values are shown in Table 12 . (2) Comparison based on different confidence levels
The upper level satisfaction degrees for the three objectives are set at 0.9, which means
However, if confidence levels are changed, the results shown in Table 12 are obtained. When the confidence level is set to 0.6, the satisfaction degrees on the upper and lower levels are 0.9 and 0.334, respectively, the ratio between the upper and lower level satisfaction degrees is 0.371, and the power grid company profit is 993.495 million CNY. The detailed objective values are shown in Table 12 . From the results of Table 12 , it can be seen that with a fixed satisfaction degree, as the confidence level declines, better objectives can be achieved, as shown in Figure 3 . This is because a lower confidence level means there is a larger feasible decision region for all decision-makers, which could lead to better results; however, it comes with higher uncertainty. We use the similar chance constrained operator to handle the above Equations (49) and (50), and can get the following crisp equivalent model (51) for the lower level power generation groups under the carbon limit policy.
( ) Tables 8 and 11 , we can draw Figure 3 , which shows the results of the chance constrained model and the expected value model: (a) and (b) present the power grid company's profit and the total carbon emissions. It can be seen that the objective values in the chance constrained model and the expected value model intersect.
Therefore, it can be concluded that the result of the expected value model is equal to that of the chance constrained model under a certain confidence level. By solving the chance constrained model, a series of results can be obtained. Different decisions can be given by decision-makers with varying confidence levels. In the following, we compare the result under the carbon trading policy to that under the carbon limit policy.
For a power generation group under the carbon trading policy, there are two sources of income, the first is the income brought by power market, and the second is the income from the carbon trading market, therefore, Equation (9) is built as the objective. However, when we consider the same problem under the carbon limit policy, a different bi-level model should be established. Since these policies mainly impact the power generation groups, and have little effect on the situation of the power grid company, the upper level model will be unchanged, but the lower level model should be rebuilt, and the details are as follows.
Under the carbon limit policy, each power generation group has to meet a constraint of carbon emission limit as shown in Equation (49),
r a g,i x g,i,t ď e g,t , @g P G, t P T
and meanwhile, the objective function should be max f g " 
where the income is only from the power market. We use the similar chance constrained operator to handle the above Equations (49) and (50), and can get the following crisp equivalent model (51) for the lower level power generation groups under the carbon limit policy. max f g s.t.
py g,i,t`Ri,t´eg,i´cg,i,t qx g,i,t`p 1´γ 7 q α e g,i x g,i,t ď e g,t , @g P G, t P T x g,i,t ď S g,i,t , @g P G, i P I, t P T I ř i"1 x g,i,t " x g,t , @g P G, t P T c g,i,t´p 1´γ 6 q α c g,i,t ď y g,i,t`Ri,t´eg,i , @g P G, i P I, t P T y g,i,t ď p i,t , @g P G, i P I, t P T x g,i,t , y g,i,t ě 0, @g P G, i P I, t P T (51) where confidence levels γ 7 and γ 8 are predetermined.
In the above Section 6.2.1, we have obtained the results under the carbon trading policy. In the following, the confidence levels and satisfaction degrees are all set at 0.9, which are the same as that in Section 6.2.1. Then after solving the bi-level model with lower level Model (51), the second column of Table 13 is derived to describe the decision results under the carbon limit policy. From Table 13 , it can be found that the total carbon emission and the power generation groups' profits are all increased when the carbon limit policy is replaced by the carbon trading policy. However, it is worth noting that the profit growth rates are far higher than the carbon emission growth rate. More specifically, through carbon trading policy, carbon allowance will be used to a more great extent; and the part beyond the carbon emission limit will bring extra economic benefits in an even more effective way. In this way, the more environmentally friendly power generation group has more advantages. Based on the above discussion, a conclusion can be produced: setting severe carbon allowance and allowing carbon trading will have a great significance in realizing sustainable development of power industry.
Conclusions
This study investigated a low carbon based power dispatch problem under an uncertain environment and proposed an efficient, powerful bi-level multi-objective decision-making model with carbon related objectives. In the proposed model, the power grid company is the upper level decision-maker who decides on the power dispatch plan, and the power generation groups are the lower level decision-makers who decide on the generation plan. As there are random and fuzzy parameters in the proposed model, two methods are introduced to construct a chance constrained model and an expected value model. Then, based on random and fuzzy theories, we equivalently transformed these into crisp models and the models were converted into single level models using the satisfaction method. A case study and comparative analysis were given to validate the efficiency of the proposed approach.
Based on this process, the following conclusions can be made.
(1) As all action is based on the power demand estimation, the power grid company needs to have enhanced forecasting abilities. (2) The chance constrained model and the expected value model are suitable for different decision making scenarios. The expected value model can give a reference solution for an average situation and the chance constrained model can suggest a range of plans depending on the confidence levels. (3) Upper level decision makers need to carefully consider all factors to determine the satisfaction degree so as to balance the interests between all decision making levels. (4) Severe carbon allowance and carbon trading will have a great significance in realizing sustainable development of power industry.
